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Abstract 
 
Stormwater is a potential and readily available alternative source for potable water in 
urban areas. However, its direct use is severely constrained by the presence of toxic 
pollutants such as heavy metals (HMs). The presence of heavy metals in stormwater is of 
concern because of their chronic toxicity and persistent nature. In addition to human health 
impacts, metals can contribute to adverse ecosystem health effects in receiving waters. 
Therefore, the ability to predict the levels of HMs in stormwater is crucial for monitoring 
stormwater quality and for the design of effective treatment systems. Unfortunately, the 
current laboratory methods for determining heavy metal concentrations are resource 
intensive and time consuming. In this paper, applications of multivariate data analysis 
techniques are presented to identify potential surrogate parameters which can be used to 
determine HM concentrations in stormwater. Accordingly, Partial Least Squares (PLS) 
was applied to identify a suite of physico-chemical parameters which can serve as 
indicators of HMs. Datasets having varied characteristics such as landuse and particle size 
distribution of solids were analysed to validate the efficacy of the influencing parameters. 
Iron, Manganese, Total Organic Carbon (TOC) and Inorganic Carbon (IC) were identified 
as the predominant parameters that correlate with the heavy metal concentrations. The 
practical extension of the study outcomes to urban stormwater management is also 
discussed. 
 
Key words: Partial Least Square (PLS), surrogate indicators, stormwater quality, heavy 
metals 
 
1. Introduction 
 
The rapid spread of urbanisation, which is a common phenomenon worldwide, has 
witnessed an increasing demand for potable water. This is compounded by the depletion of 
resources, pollution of existing sources and reduced reliability of supply due to natural 
causes and anthropogenic activities (ABS, 2005, WHO, 2008). In this context, stormwater 
presents a potential and readily available alternative source for potable water in urban 
areas. However, its direct use is severely constrained by the presence of toxic pollutants 
such as heavy metals (HMs). The presence of heavy metals in stormwater is of concern 
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because of their chronic toxicity and persistent nature. In addition to human health effects, 
heavy metals can impact the ecosystem health of receiving waters.  
 
Increasing urbanisation results in ever increasing vehicular traffic in built-up areas. 
Consequently, road surfaces have been identified as a primary source of heavy metals to 
receiving water bodies (Herngren et al., 2006; Sartor & Boyd.,1972) and positive 
correlation between HMs and traffic has been reported in stormwater treatment facilities 
(Karlsson et al., 2010). These metals can originate from the combustion of fossil fuels, 
spillage of fuel and lubricants as well as brake pad, tyre, vehicle component and road 
surface wear (Sansalone & Buchberger, 1997).  
 
Traffic related HM species that are commonly identified in stormwater runoff include Cd, 
Cr, Cu, Al, Fe, Mn, Pb and Zn (Herngren et al., 2005a). Application of exploratory data 
analysis by Herngren et al. (2005a) identified correlations among these HMs species and 
general physico-chemical parameters such as Total Organic Carbon (TOC), Total 
Suspended Solids (TSS), Total Solids (TS), pH, Electrical Conductivity (EC), Inorganic 
Carbon (IC) and particle size distribution. Herngren et al. (2005a) also confirmed that 
based on their interdependence, HMs could be grouped into two classes: (a) organically 
bound HMs; and, (b) HMs associated with Fe and Mn oxides. Therefore we reasoned that 
it should be possible to quantitatively predict HMs species using some of these parameters. 
 
The ability to predict the level of different HM species in stormwater is crucial for 
monitoring stormwater quality for potable use and for the design of effective treatment 
systems. As conventional laboratory analysis of HMs is resource intensive and time 
consuming, this paper investigated the use of physico-chemical parameters having 
statistical conformity with HMs as surrogate parameters for predicting HM concentrations. 
A key driver for the study was that surrogate parameters which are comparatively easy to 
analyse and are less expensive to undertake will serve as simpler and cost effective 
methods for predicting HM concentrations in stormwater.  
 
2. Materials and Methods 
 
2.1 Study area, sample collection and analysis 
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Stormwater runoff samples were collected from three study areas consisting of typical urban 
land uses, namely, residential, industrial and commercial in Gold Coast, Australia. A specially 
designed rainfall simulator was used to replicate rainfall events with accurate simulation of 
important physical characteristics such as rain drop size, terminal velocity and distribution 
and chemical characteristics such as pH, EC and dissolved organic carbon (Herngren et al., 
2005b). The use of rainfall simulation helped to overcome the inherent constraints commonly 
associated with the dependency on natural rainfall for urban stormwater quality research such 
as high variability in rainfall characteristics and uncertainty of rain occurrence. The wash-off 
sample collection was confined to a small plot area of size 1.5 x 2 m which ensured the 
uniformity of rainfall distribution and the acquisition of reliable data. Further details on the 
rainfall simulation and sampling methodology can be found in Herngren et al. (2005b). 
 
For stormwater runoff sample collection, test plots equidistant from the kerb and median strip 
of the road were selected at each study site. The rainfall simulator was calibrated for 
replicating the range of rainfall intensities inherent to the region. Accordingly, rainfall 
intensities of 65, 86, 115 and 133 mm/hr, for 1, 2, 5 and 10 year Average Recurrence Intervals 
were replicated. However, due to various logistical issues, all of the rainfall events were not 
replicated at all sites. The collected samples were transported to the laboratory on the same 
day and mixed thoroughly to represent the Event Mean Concentration (EMC) for the specific 
rainfall event. Sample collection (AS/NZS 2003: 3580.10.1) and sample handling (AS/NZS 
1998: 5667:1) were undertaken according to specified Standards.  
 
Analyses of physico-chemical parameters such as pH, TSS, EC, and Total Dissolved Solids 
(TDS) were done using methods 4500H+B, 2540D, 2510B, 2540C respectively (APHA, 
2005), while IC and TOC were analysed  according to method 5310B (APHA, 2005). 
Additionally, the samples were wet sieved and separated into >300 µm, 150-300 
µm, 75−150 µm, 0.45-75 µm and <0.45 µm size fractions. The <0.45 µm size fraction was 
defined as the dissolved fraction. For the analysis of HMs, particulate samples were digested 
using nitric acid. After digestion and filtration through a 0.45µm filter, the samples were 
analysed using Inductively Coupled Plasma-Mass Spectrometry (ICP-MS, Perkin Elmer Elan 
6100DRC) according to US EPA method no. 200.8 (USEPA,1994).  
 
2.2 Multivariate Data Analysis 
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This paper identifies the relationships between the general water quality parameters and 
HMs in order to establish correlations between them. Partial Least Square Analysis (PLS) 
was conducted and the resulting model was applied to a number of datasets with varied 
characteristics in order to investigate its transferability. This data projection method has 
been previously used to identify surrogate parameters for total nitrogen, total phosphorus, 
dissolved total nitrogen (Miguntanna et al., 2010; Settle et al., 2007), rank water bodies 
based on physio-chemical parameters (Ayoko et al., 2007), identify relationships between 
different forms of Al and soil properties (Smolinski et al., 2009) and assess the influence 
of surface water contamination on groundwater quality (Singh et al., 2007) 
 
For the application of PLS, pH, TOC, IC, TSS, EC, Fe and Mn were assigned as X 
variables whilst Cd, Cr, Pb, Al and Zn were labelled as the dependent or the Y variables. 
Fe and Mn were included among the X variables because they occur primarily as 
components of soil and not as pollutants from road runoff. Analysis of Fe and Mn can also 
be carried out in laboratories which do not have ICP MS. Fe can be effectively analysed 
using the Phenanthroline method 3500-B (APHA, 2005), which has a detection limit of 10 
ppb and Mn can be analysed using Persulphate method 3500Mn-B (APHA, 2005), which 
has a minimum detection level of 42 ppb. Analysis of Fe and Mn in stormwater has shown 
that the levels of these elements are higher than the detection limits mentioned above 
(Herngren et al., 2005a).  
 
To validate the PLS model, two equal data sets were created, one being the calibration set 
and the other, the prediction set (Purcell et al., 2005). A calibration set was created by 
selecting the even data points and a prediction set created by selecting the odd data points. 
PLS was first applied to the site specific samples (residential, commercial and industrial) 
followed by the size specific samples. Finally, a combined dataset consisting of mixed data 
points from all the locations was validated and tested for the transferability of the model 
(see the Supporting Information for a detailed description of PLS).  
 
3. Results and Discussion 
3.1 Site specific data analysis 
Residential area 
When PLS was applied to a dataset from this site comprising of 24 observations, a model 
was developed having R2X= 0.76, R2Y= 0.58 and Q2= 0.48. The significance of Q2 has 
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been explained by Sun et al. (2004) who stated that a model with Q2 higher than 0.3 can be 
interpreted, one with Q2 greater than 0.5 is considered a good model and a model is 
considered to be an excellent model when Q2 is greater than 0.9. Hence, this model falls 
within the criteria of a good model. The separation of scores on PC1 and PC2 showed clear 
demarcation between the dissolved and the particulate samples (Fig. 1).  
 
(Insert Fig. 1) 
 
The plot of t[1]/u[1] which represents the inner relationship between the X block score, t, 
and Y block score, u, gave an R2 of 0.88 suggesting that the X variables can be used to 
predict the Y variables as shown in Fig. 2.  
 
(Insert Fig. 2)  
 
For the interpretation of the PLS models, it is necessary to study the weights plot (Fig. 3) 
which explains how the variables relate to each other. The weights plot showed that Cu 
and Zn were correlated with TSS and TOC whereas Cr, Pb and Al were correlated with Fe.  
 
(Insert Fig. 3)  
 
To judge the relative importance of the X variables, Variables Importance Plot (VIP) (Fig. 
4) was plotted which showed that Fe, TSS and TOC have high influence on the prediction 
of the rest of the metal ions.  
 
(Insert Fig. 4)  
 
The goodness-of-fit of the model is determined by the R2 and RMSEP values obtained 
from plotting observed concentrations vs the predicted concentrations for each variable. 
The RMSEP value is the standard deviation of the predicted residuals error and is 
computed as the square root of (observed-predicted)2/N (Umetrics, 2002). The R2 and 
RMSEP values obtained from observed vs predicted plots for all three sites are presented 
in Table 1. The R2 values show that the model works quite well for Al but to a lesser 
extent for Zn, Pb, Cd, Cu and Cr.  
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(Insert Table 1) 
 
Industrial area 
For N=27 observations, four significant components having R2X of 0.98, R2Y of 0.82 and 
Q2 of 0.69 were required to model the data. As reported in the case of residential area 
samples, the graph of t[1] vs t[2] showed distinct separation of the dissolved and 
particulate samples. The t[1]/u[1] gave a plot having R2 =0.77 which shows that the Y 
block data can be predicted with the help of the X block data. TOC, Fe, IC and TSS 
exerted high influence on HMs. The observed vs predicted plot for the HMs fitted quite 
well for Zn, Al, Pb and Cu but R2 was relatively low for Cr and Cd.  
 
Commercial area 
When PLS was applied to the 17 data points for the commercial area, 5 components were 
generated having R2X values of 0.99, R2Y values of 0.95 and Q2=0.89. Also the t[1] vs 
u[1] plot had a very high coefficient (0.91) showing that X block data has good inner 
relationship with the Y block data. The VIP showed that TOC exerted a high influence on 
the HMs. The suitability of X variables as surrogates for HMs is further proven by the high 
R2 and low RMSEP values of the observed vs predicted plot (Table 1). The high influence 
of TOC emphasises the fact that most of the metal ions in the industrial and commercial 
sites were associated with the organic carbon fraction as opposed to the samples from the 
residential sites where higher correlation with Fe was observed. Further studies are 
necessary to determine whether this observation was case specific or whether it can be 
generalised. 
 
3.2 Size specific data analysis 
In the second part of the analysis, the dataset was modelled based on their associative 
sizes, ie. dissolved (<0.45µm), and particle size ranges (0.45-75µm, 75-150µm, 150-300 
µm). The summary of the models obtained is presented in Table 2. 
 
(Insert Table 2) 
 
Dissolved  
The model fitted quite well for the dissolved samples and had an R2Y value of 0.88 and Q2 
of 0.63 for N=16 observations. Cd and Cr were not detected in the dissolved samples. 
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Except Pb (0.30), all the other metals (Zn, Al and Cu) had quite high correlation 
coefficients with low RMSEP values and the variable importance plot (VIP) showed that 
the X variables of influence on HM concentrations were IC, TS, Fe and EC. 
 
0.45-75µm range 
For the 0.45-75µm particle size range, R2Y was 0.81 and Q2 was 0.24 for an observation 
set of 37 samples. Except Pb (0.24), the other metals had high correlation coefficients. Mn, 
Fe, TOC and IC were the influencing parameters for HMs. The VIP indicates that the 
metal ions occur as oxides of Mn and Fe in the 0.45-75µm particle size range and hence 
analysis of Fe and Mn will reflect on the levels of the other HMs. 
 
75-150µm 
The samples of the 75-150µm size range exhibited R2Y and Q2 values in the range of 0.54 
and 0.29 respectively for N=16. With the exception of Cd (0.12), all the other HMs 
showed high R2 and low RMSEP values. TOC, TSS, IC, EC and Mn also showed high 
correlation coefficients (>1) with the HMs. Thus, the dissolved organic carbon fraction has 
greater association with the HMs in the 75-150 µm particle size range. 
 
150-300µm 
For the 150-300µm particle size range, 16 samples were analysed. R2Y value was 0.54 and 
Q2 was 0.29. Low correlation was observed for the HMs while fairly good results were 
obtained for Al (0.81). IC and TSS were the X variables with the most influence on the Y 
variables. 
 
3.3 Combined dataset 
The combined dataset comprising of a conglomeration of wash-off samples from different 
sites and particle sizes, showed a cumulative R2X of 0.98, R2Y of 0.44 and Q2 of 0.30 for 
an observation set of 57 samples. The plot of X scores, t1 vs t2 (Fig. 5) shows the different 
samples clustered according to locations, ie. industrial, residential and commercial. 
 
(Insert Fig. 5) 
 
The R2 and RMSEP values for the combined dataset ranged from 0.03 for Cd to 0.75 for 
Al. The RMSEP values were low, indicating that the model was acceptable. The graph of 
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Observed vs Predicted concentrations for Al in the combined dataset shown in Fig. 6 
represents the types of graph obtained for the other elements.  
 
(Insert Fig. 6) 
 
The combined dataset model gave an overall picture of the correlation between the general 
physico-chemical parameters and the HMs. To confirm the validity of the model, response 
permutation analysis was carried out as described previously (Ayoko et al., 2007). Several 
parallel models where the X (data in the calibration) set was kept constant and the Y 
response was randomly re-ordered were examined. Two hundred permutations of the 
dataset were repeated and the resulting intercepts are shown in Fig. 7. In this Figure, the X 
axis represents the original X variables and the Y axis represents intercepts obtained from 
the plot of R2X vs R2Y. Eriksson et al. (2001) observed that all well fitted models had R2 < 
0.3-0.4 and Q2 <0.05. In the present study, the R2 and Q2 values for all Y variables were 
observed to be well below the acceptable range, hence establishing the validity of our 
model.  
 
(Insert Fig. 7) 
 
It is evident from the individual models presented above that HMs in stormwater can be 
predicted by using other easily measured stormwater quality influencing parameters. In 
most cases, the obtained Q2, R2 and RMSEP indicated that the models meet the criteria that 
are usually employed to judge acceptable PLS models (Sun et al., 2004). 
 
5.0 Conclusions 
Exploratory data analysis was applied to investigate whether surrogate parameters can be 
used to replace HMs analysis in stormwater. PLS was applied to datasets from different 
sites exhibiting a range of landuse and different particle sizes of solids to evaluate the 
transferability of the indicative parameters. In most of the datasets analysed, Fe, Mn, IC 
and TOC were the indicative X variables which exerted influence on the Y variables.  
 
The results indicated that the association of HMs vary between organic (TOC) and 
inorganic carbon (IC) and oxides of Fe and Mn in different fractions of the stormwater. 
Distinct separation of metal ions between the organic carbon and Fe fractions was 
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observed in the residential and the industrial/commercial sites, respectively. A clear 
demarcation of the influencing factors in the wash-off samples was observed with Fe, Mn, 
TOC as the dominant factors.  
 
The study outcomes show that PLS can be used to identify and substitute general physico- 
chemical parameters in lieu of HMs. In almost all the datasets, high values of TOC, IC, Fe 
and Mn were associated with high concentrations of HMs. Hence, the presence of high 
organic and total carbon, Fe and Mn values in water samples may be indicative of the 
presence of HMs.  
 
Very low correlation between pH, EC and HMs were observed. Compared to the 
exhaustive analytical protocol for HMs determination, which commences with sample 
preservation, digestion, and includes instrumental calibration and analysis, the testing 
methods for Fe, Mn, TOC and IC are much simpler and inexpensive. The results provide 
proof of concept for using a limited number of surrogate parameters to predict the heavy 
metals content in stormwater. Further studies on the transferability of the concept are 
required in order to derive conclusive results and such studies are currently being 
undertaken by our research group. 
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Table captions 
Table 1: Validation of model for residential, industrial and commercial study sites. 
 
 
Table 2: Validation of model for combined, dissolved, 0.45 - 75 µm, 75 - 150 µm, and 
150 - 300µm size fractions 
 
 
 
Table 1: Validation of model for residential, industrial and commercial study sites 
 
Y 
variables 
Residential 
N=24, X=9, Y=6, 
R2X=0.75 
R2Y=0.58 
Q2=0.48 
 
Industrial 
N=27, X=9, Y=6 
R2X=0.98, 
R2Y=0.82, 
Q2=0.69 
Commercial 
N=29, X=9, Y=5 
R2X=0.92 
R2Y=0.66 
Q2=0.39 
 R2 RMSEP R2 RMSEP R2 RMSEP 
Zn 0.59 0.595 0.91 0.002 0.42 0.001 
Al 0.86 0.053 0.99 0.002 0.34 0.04 
Pb 0.28 0.001 0.96 0.002 0.24 0.001 
Cu 0.43 0.072 0.67 0.002 0.59 0.01 
Cd 0.03 0.066 0.04 6.13 X10-5 ND ND 
Cr 0.47 0.001 0.16 0.001 0.44 0.001 
 
ND: Not Detected
13 
 
Table 2: Validation of model for combined, dissolved, 0.45 - 75 µm, 75 - 150 µm, and 150 - 300 µm size fractions   
 
Y 
Variables 
Combined 
N=56, X=8, Y=6 
R2Y=0.449, Q2=0.289 
Dissolved 
N=16, X=8, Y=4 
R2Y=0.88, Q2=0.63 
0.45 - 75 µm 
N=37, X=8, Y=6 
R2Y=0.812, Q2=0.24 
75 - 150 µm 
N=16, X=8, Y=6 
R2Y=0.8, Q2=0.68 
150 - 300µm 
N=16, X=8, Y=6 
R2Y=0.54, Q2=0.29 
 R2 RMSEP R2 RMSEP R2 RMSEP R2 RMSEP R2 RMSEP 
Zn 0.58 0.011 0.93 0.2 0.94 0.0083 0.83 0.007 0.41 0.019 
Al 0.71 0.035 0.87 0.002 0.89 0.049 0.78 0.047 0.81 0.34 
Pb 0.65 0.001 0.03 0.0002 0.24 0.0047 0.68 0.0011 0.39 0.001 
Cu 0.51 0.022 0.93 0.02 0.80 0.012 0.57 0.044 0.62 0.0036 
Cd 0.03 0.04 ND ND 0.50 0.001 0.12 0.0002 0.20 0.0001 
Cr 0.27 0.002 ND ND 0.47 0.0041 0.75 0.0011 0.50 0.017 
 
Notes: 
ND: Not Detected 
Dissolved refers to particulates (<0.45µm) 
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Figure captions 
 
Fig. 1: Separation of scores on PC1 and PC2 showing distinct clusters: dissolved and particulate 
samples, where BE Dis denotes sample BE in the dissolved form and BA 75 denotes sample BA 
with particulate size 75 µm etc. 
 
 
Fig. 2: Plot of t[1] vs u[1] showing the relationship between the X and the Y scores, where ABDis 
is sample AB in the dissolved phase and AA300 is sample AA with particulate size 300µm etc. 
 
Fig. 3: Loadings plot representing the correlation between the X and Y variables in the residential 
site, where Fe, Cd etc. are symbols of the various elements, TSS is Total Suspended Solid, TOC is 
Total Organic Carbon, Particles s is particles size, EC is Electrical Conductivity  and Total Soli is 
Total Solids. 
 
 
Fig. 4: Variable Importance plot showing the relative influence of the X variables on the HMs   
 
Fig. 5: Scores plot of the combined dataset showing the clusters of commercial, residential and 
industrial locations where FA75 is sample FA with particulate size 75µm etc. 
 
 
Fig. 6: Plot of Observed Vs Predicted dataset for Al showing the goodness of fit between the 
observed and predicted dataset. 
 
Fig. 7: Response permutation of the PLS model for Zn (R2=0.0, 0.0398, Q2=0.0,-0.317). 
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Figure 1: Separation of scores on PC1 and PC2 showing distinct clusters: dissolved and 
particulate samples, where BE Dis denotes sample BE in the dissolved form and BA 75 denotes 
sample BA with particulate size 75 µm etc. 
Figure 2: Plot of t[1] vs u[1] showing the relationship between the X and the Y scores, where 
ABDis is sample AB in the dissolved phase and AA300 is sample AA with particulate size 300µm 
etc. 
Particulate 
Dissolved 
Hotelling T2 
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Figure 3: Loadings plot representing the correlation between the X and Y variables in the 
residential site, where Fe, Cd etc. are symbols of the various elements, TSS is Total Suspended 
Solid, TOC is Total Organic Carbon, Particles s is particles size, EC is Electrical Conductivity  
and Total Soli is Total Solids. 
 
 
Figure 4: Variable Importance plot showing the relative influence of the X variables on the HMs.   
     X 
     Y 
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Figure 5: Scores plot of the combined dataset showing the clusters of commercial, residential and 
industrial locations where FA75 is sample FA with particulate size 75µm etc. 
 
 
Figure 6: Plot of Observed Vs Predicted dataset for Al showing the goodness of fit between the 
observed and predicted dataset, where BD45 and FA300 etc are samples BD and FA with particle 
sizes 45 µm  and 300 µm, respectively. 
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Figure 7: Response permutation of the PLS model for Zn (R2=0.0, 0.0398, Q2=0.0,-0.317). 
              R2   
              Q2   
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PLS 
PLS has the ability to analyse data that is strongly collinear and noisy, and uses numerous X-
variables (in this research, parameters such as pH, EC and TOC) in order to simultaneously model 
one to several response Y-variables  [Wold et al., 2001] using the following equations: 
Y=UCT +F       (Equation 1) 
X=TPT+E      (Equation 2) 
 
Where P and C are loadings or loading vectors and E and F are residuals or errors in X and Y 
matrices, respectively.  
 
The matrix of scores for Y is represented by U and that of X is represented by T. The response of 
the Y-variables is then compared to the observed values in a predicted versus observed plot of the 
variables. The intricacies of model development using PLS have been documented by many 
researchers (for example Bao & Dai, 2009; Kettaneh et al. 2005). In the present work, PLS was 
chosen primarily to identify the physico-chemical parameters that influence HM concentrations.  
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SIMCA software (Umetrics, 2002) was used for the PLS analysis which was carried out according 
to the following steps: 
• Segregation  of dataset into dependent and independent variables 
• Model evaluation based on the fraction of the sum of square of all X variables (R2X), 
and Y variables (R2Y) explained by the model and the predictive power of the model 
(Q2) 
• The Scores plot to identify patterns among observations 
• The Loadings plot to evaluate interrelationships between X and Y variables  
• The Variable Importance Plot (VIP) to examine the magnitude of the influence that X 
variables have on the Y variables 
• The observed vs predicted graph for each Y variable to help in validating the model 
based on the goodness of fit (R2) and the Root Mean Square Error of Prediction 
(RMSEP) 
• The response permutation plot to confirm the significance of the R2Y and the Q2 
obtained from the internal validation process. 
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